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Executive Summary 
This work shows that two strategies—(1) improved forecasting of price-responsive electric 
vehicle (EV) charging and (2) flattening EV charging price-response over similarly priced 
times—can greatly increase the percentage of personal light-duty vehicles that can participate in 
time-of-use or real-time price electric vehicle managed charging (EVMC) and by so doing 
contribute to bulk power system cost reductions. Furthermore, the outcomes for price-responsive 
EVMC can be similar to or exceed those of direct load control (DLC) up to high participation 
levels, especially when charging is scheduled within single sessions using coarse price signals 
(time-of-use rates). 

Light-duty vehicle EVMC, whether price-responsive or DLC, can reduce power system costs by 
better aligning EV charging with locations and times of low energy cost or infrastructure use. 
Coordinating charging across thousands to millions of electric vehicles while preserving mobility 
service is a barrier to realizing the value of EVMC. Price-responsive dispatch mechanisms like 
time-of-use rates and real-time prices can be attractive compared to DLC because they only 
require one-way communications and can schedule individual vehicle charging with full 
knowledge of both flexibility and price. However, increasing participation in price-responsive 
mechanisms is known to induce costly electricity consumption spikes when many EVs respond 
to the same price signal at the same time. 

We quantify the ability of improved EVMC forecasting to sustain savings from price-responsive 
mechanisms beyond the limits observed in previous work of 4% to 14% of light-duty vehicles 
participating (Hale et al. 2022a). Perfect forecasting of price-responsive EV load makes time-of-
use and real-time price bulk power system production cost savings similar to those of DLC with 
up to 27% to 45% or more light-duty vehicles participating, where the lower bound is observed 
when EV charging is scheduled over an entire week, and the upper bound corresponds to 
scheduling EV charging within individual sessions (Figure ES-1). Additionally, flattening price-
response to time-of-use rates enables production cost savings with light-duty vehicle time-of-use 
participation up to 45% for both within-week and within-session scheduling, and this could be 
value-competitive with DLC over that full range if the incremental costs of DLC are more than 
$10–30/vehicle-yr. This increase in effective price-responsive EVMC represents an additional 3 
to 5 percentage points of production cost savings achievable without DLC.  

These results are based on simulations of an envisioned New England power system in which 
84% of annual within-system generation is sourced from wind, solar, biomass, hydropower, and 
nuclear generators. Although we would expect the quantitative results to vary from system to 
system and with changes to the EV modeling methods, we expect the qualitative results to stand, 
that is, with accurate forecasting and response flattening, time-of-use EVMC can be value-
competitive with DLC managed charging approaches with active participation levels 
approaching or around up to half of the light-duty vehicle fleet. 



vii 
This report is available at no cost from the National Laboratory of the Rockies (NLR) at www.nlr.gov/publications. 

 
Figure ES-1. Perfect-foresight annual per-vehicle production cost (PC) savings by dispatch 

mechanism and flexibility type. 
Perfect-foresight preserves positive value for price-responsive, within-session EVMC applied to up to 45% of the light-

duty vehicle (LDV) fleet. Time-of-use (TOU) savings are only tens of dollars per vehicle-year lower than DLC for all 
modeled LDV participation shares, suggesting additional costs of DLC should not exceed tens of dollars per vehicle-

year for bulk power system EVMC. RTP = real-time prices. 
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1 Introduction 
Electrifying transportation increases the share of energy service demand that can be supplied by 
low-carbon electricity (Mai et al. 2018; Murphy et al. 2021; Jenkins et al. 2021; Williams et al. 
2021; Browning et al. 2023). The cost of supplying electric vehicle (EV) charging can be reduced 
if EV charging occurs in locations and at times of high variable generation or low electricity 
infrastructure utilization (Muratori and Mai 2020; Borlaug et al. 2021; Borlaug et al. 2020; 
Anwar et al. 2022). We refer to mechanisms for aligning EV charging with these low-cost times 
as EV managed charging (EVMC). Electric light-duty vehicles (LDVs) are especially well suited 
for EVMC because most are parked at least 95% of the time (Wood et al. 2023). 

Realizing the benefits of EVMC entails coordinating the charging of thousands to millions of 
vehicles to minimize charging costs while ensuring EV drivers can complete all desired trips. The 
numerous mechanisms for coordinating EV charging described in the literature generally fall into 
two high-level categories, which we refer to and compare as direct load control (DLC) and price-
responsive dispatch. DLC directly schedules vehicle charging to achieve a desired aggregate 
response. For example, DLC can coordinate EV charging with availability of bulk power system 
supply-side resources, or to flatten peak electricity load. Because this process minimally involves 
two-way communication between vehicles or chargers and grid operators, DLC is often 
facilitated by a third party responsible for presenting a megawatt-scale aggregate of individual 
vehicle charging flexibility to the power system operator. The third-party “aggregator” then takes 
responsibility for fulfilling the resulting dispatch requests by scheduling individual vehicle 
charging. In contrast, price-responsive dispatch mechanisms can use one-way communication of 
time-varying prices to individual vehicles, chargers, or drivers. Price-responsive mechanisms rely 
on individual behavioral or automated responses to communicated prices to coordinate charging 
demand. For example, electricity tariff designs like time-of-use (TOU) rates and hourly real-time 
prices (RTP) offered to electric utility customers are price-responsive dispatch mechanisms that 
incentivize EV charging during lower-price hours. 

The primary contribution of this report is to show how price-responsive mechanisms with one-
way communication and lower implementation costs than DLC can overcome documented issues 
with electricity demand spikes resulting from simultaneous price-response. Overcoming these 
issues makes price-responsive mechanisms preferable to DLC at higher shares of LDVs 
participating in EVMC. Two strategies are particularly effective in integrating double-digit 
percentage shares of LDVs in price-responsive EVMC: (1) simultaneous responses to price 
minima/maxima are forecast and anticipated in bulk power system dispatch and (2) individual 
vehicle charging is flattened over the same-priced hours when EVs are plugged in. These 
findings differ from recent work (The AES Corporation and Camus 2024; EnergyHub, Inc. 
2024) suggesting more DLC-like active management will be necessary in the coming decade for 
managing EV charging to avoid costly simultaneous response to prices. This report softens that 
prescription by further exploring an earlier finding that DLC and price-responsive mechanisms 
both have advantages and disadvantages (Hale et al. 2022a).  

Scenarios developed in this work directly compare our formulation of DLC to price-responsive 
mechanisms in a realistic bulk power system model. There are coordination mechanisms in the 
literature that blend DLC and price-responsive approaches by sending individualized price 
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signals (like price-responsive mechanisms) to achieve a coordinated outcome (like DLC). 
However, such methods are mostly iterative and can thus be considered a variant of, or a specific 
way to implement, DLC (Xi and Sioshansi 2014; Cutler et al. 2021; Najafi and Fripp 2023). 
Noniterative mechanisms that send individualized price signals to consumers or devices can 
produce a coordinated shed response (Cole, Morton, and Edgar 2014), but we are unaware of any 
such mechanisms able to coordinate energy shifting. Thus, we subsume mechanisms that send 
individualized price signals to achieve a coordinated outcome under the broader category of DLC 
in this study and proceed comparing price-responsive and DLC mechanisms. 

The primary advantage of DLC is that, because it directly coordinates EV charging load with 
electricity supply, it is guaranteed to lower overall electricity costs no matter how many vehicles 
participate. Its cost reductions can therefore serve as a benchmark for the cost reductions 
achieved by other coordination mechanisms at high EVMC participation levels. The 
disadvantages of DLC stem from the need to aggregate charging flexibility across many EVs to 
facilitate two-way communication between charging controls and grid operation software. 
Aggregation is necessary because grid operation software is designed to optimize hundreds to 
thousands of megawatt-scale devices. For example, FERC Order 2222 specifies a minimum 
aggregation size of 0.1 megawatt (MW) (Federal Energy Regulatory Commission [FERC] 2020), 
not thousands to millions of kilowatt-scale devices (i.e., EVs). 

Aggregation to present DLC to the bulk power system is challenging because of the requisite 
costs of software, communications, and controls, and the complications introduced by 
aggregation mathematics. Aggregation mathematics present an inherent challenge we find likely 
requires significantly reducing the flexibility of the aggregate resource offered to the bulk power 
system (Hale et al. 2022a), disadvantaging DLC. As an example, simply adding up the charging 
flexibility of all participating vehicles overstates aggregate flexibility by obscuring vehicle-level 
constraints that link the ability to accept charge (or not) with availability of a charger (or not). 

Any aggregation process that ignores this loss of information is likely to incorporate a significant 
degree of error in fulfilling aggregate load shift requests. Hao et al. (2013) show it is sometimes 
possible to bound aggregate flexibility with mathematical models that present either strictly less 
or strictly more flexibility than what is actually available. However, that method’s bounds are not 
tight enough to be practicable for multihour energy shifting (Hale et al. 2022b). Thus, this study, 
similar to Hale et al. (2022a), handles the aggregator’s information loss problem by discounting 
aggregate power and energy bounds to ensure aggregate dispatch requests can, with high 
probability, be fulfilled with low error. 

In summary, DLC’s disadvantages are increased cost of enabling two-way communication, 
increased computational complexity, and an inability to represent the full flexibility of individual 
EVs in megawatt-scale aggregations. 

Price-responsive dispatch mechanisms such as TOU and RTP have two primary advantages— 
ability to access an individual EV’s full scheduling flexibility and lower cost to implement than 
DLC—because they require only one-way communications and localized controls. Their primary 
disadvantage is that large quantities of price-responsive load can induce new and potentially 
costly-to-serve load spikes at times forecast to have low prices (Hale et al. 2022a). This issue is 
an example of the general problem with price-taking resource dispatch: eventually the quantity of 



3 
This report is available at no cost from the National Laboratory of the Rockies (NLR) at www.nlr.gov/publications. 

participating resources is large enough to materially affect prices, which can change the relative 
categorization of times as “low-price” or “high-price”. The deficiencies of price-taking price-
responsive dispatch can occur at high levels of participation (not generally seen currently for 
EVMC) because price-responsive mechanisms are based on the assumption that the participating 
load is not large enough to significantly impact generator dispatch decisions. There is evidence in 
the literature that price-responsive mechanisms can provide savings even if they are large enough 
to affect generator dispatch decisions and that there is a breaking point beyond which price-
responsive mechanisms increase, rather than decrease, power system costs (Xi and Sioshansi 
2014; Muratori and Rizzoni 2016; Mahmud, Ravishankar, and Hossain 2020). This breaking 
point can also be thought of as the EVMC participation level at which price-making dispatch 
mechanisms (in our modeling, DLC) are preferred to price-taking dispatch mechanisms (TOU 
and real-time price, RTP). 

This study quantifies how improved forecasting of EVMC price-responsive dispatch increases 
the effectiveness and performance of TOU and RTP relative to DLC at higher participation rates. 
Our previous work (Hale et al. 2022a) pessimistically fixed the day-ahead unit commitment  
decisions used to estimate production costs with TOU and RTP EVMC based on the unmanaged 
EV charging profile, an assumption we refer to in this study as a “no-foresight forecast.” The no-
foresight forecast resulted in TOU and RTP EVMC increasing production costs at participation 
rates beyond 2% to 14% of LDVs. However, this assumption is unrealistically pessimistic, 
especially for TOU rates that are in place for years—the responses to those rates are easily 
observed and incorporated into day-ahead load forecasts. In this study, we therefore bound the 
possible effectiveness of price-responsive dispatch mechanisms by also simulating day-ahead unit 
commitment decisions using EV charging profiles that incorporate the effects of optimally 
scheduling all participating vehicles’ charging based on TOU or RTP, which we refer to as the 
perfect-foresight forecast.  

We evaluate up to 45% of LDVs (100% of modeled EVs) participating in EVMC with both price-
responsive (i.e., TOU, RTP) and DLC dispatch mechanisms in a realistic, low-carbon bulk power 
system simulated using a commercial production cost model, PLEXOS (Energy Exemplar). 
Previous research has often focused on coordinating flexible loads on smaller or synthetic 
systems (Cutler et al. 2021; Dall’Anese et al. 2018), modeled aggregate EVMC without ensuring 
that aggregate dispatch requests could be fulfilled by individual participating vehicles (Pertl et al. 
2019; Szinai et al. 2020), or scheduled EV charging only within a day (Liu et al. 2012; Wood et al. 
2017; Wood et al. 2023). In contrast, this study leverages an envisioned future New England 
power system extracted from the Interconnections Seam Study (National Renewable Energy 
Laboratory n.d.) production cost model for 2038 (Bloom et al. 2022); aggregates electric LDV 
charging flexibility starting from realistic, heterogeneous, vehicle-level charging profiles (Yip et 
al. 2023); scales aggregate resources to ensure aggregate dispatch feasibility (Hale et al. 2022a); 
and allows EV charging to be scheduled across an entire week while fulfilling all scheduled 
driving trips. Although the model is specifically calibrated for an envisioned Independent System 
Operator of New England (ISO-NE) system, methods and results are generalizable to other bulk 
power systems integrating increasing shares of EVMC. By combining these improvements over 
current practice with no-foresight and perfect-foresight forecast bracketing of TOU and RTP 
EVMC performance, this study provides a realistic accounting of how well price-responsive 
EVMC dispatch mechanisms compare to DLC across a wide range of participation rates in an 
envisioned future power system with high renewable energy shares. 
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2 Methods 
This study adjusts and extends the workflow of Hale et al. (2022a) to estimate the value of 
perfect-foresight forecasts of price-responsive EVMC, compared to both no-foresight forecasts 
of price-responsive EVMC and a low-error DLC formulation, in a production cost model. 
Sections 2.1 to 2.4 present methods developed in the previous study as needed to understand this 
study’s results. The production cost modeling implementation, which differs in some ways from 
that of Hale et al. (2022a), is described in Section 2.5. Section 2.6 presents our scenario 
framework. Additional methodological information is available in Hale et al. (2022a) and in 
Appendix A and Appendix B. 

2.1 Study Setting 
We examine EVMC simulated in a production cost model of an envisioned ISO-NE 2038 bulk 
power system derived from the Interconnections Seam Study (SEAMS) (Bloom et al. 2022). We 
chose ISO-NE as our study region because it is a well-defined, moderately sized system that is 
relatively easy to isolate from the rest of the Eastern Interconnection and Quebec by fixing 
hourly imports and exports. In the 2038 scenario selected from SEAMS, 84% of ISO-NE within-
system generation is sourced from wind, solar, biomass, hydropower, and nuclear generators. As 
in Bloom et al. (2022) and Hale et al. (2022a), production cost modeling is nodal and uses the 
commercial PLEXOS software (Energy Exemplar n.d.). 

We add electric LDV load for 2038 based on the “All LDV Sales EV by 2035” scenario described 
by Yip et al. (2023), which captures current county-level heterogeneity in EV ownership and 
adoption and then transitions county-level LDV EV sales shares to 100% by 2035 at rates 
aligned with state and federal policy goals. As described by Yip et al. (2023), the TEMPOTM 
model creates realistic sample vehicle mobility demand data by modeling household vehicle 
adoption considering county-specific demographics, vehicle registrations, and weather and 
assigning weekly mobility demand profiles and sample weights that are also consistent with those 
variables. For this study, TEMPO also provides a vehicle-level weekly EV charging time series 
consistent with the weekly mobility demand profiles using different charging strategies. The 
unmanaged charging scenario in this study uses TEMPO’s Immediate charging strategy, which 
assumes that vehicles plug in and charge after every trip until they are fully charged or until 
another trip begins. 

Table 1 summarizes the vehicle-level TEMPO data used for this study. Because all modeled EVs 
make up 45% of projected New England LDVs, in what follows EVMC participation rates of 5%, 
30%, 60%, and 100% correspond to participating EVs being 2%, 14%, 27%, and 45% of LDVs, 
respectively. 

  



5 
This report is available at no cost from the National Laboratory of the Rockies (NLR) at www.nlr.gov/publications. 

Table 1. Summary of TEMPO “All LDV Sales EV by 2035” Vehicle-Level Data for New England 
Counties, 2038 

Vehicles Unmanaged Charging Samples 

EV Stock 5.3 M Total Loada 16.3 TWh Number 101,000 

EVs/LDVs 45% Peak 3.79 GW Avg. Weight 52.5 

BEVs/EVs 80% Peak Time 5-6 PM 1/30b Avg. Daily Loadc 8.41 kWh 

BEV = battery electric vehicle; GW = gigawatt; kWh = kilowatt-hour; TWh = terawatt-hour. 
a Load measured at the meter. Serving this load requires 17.1 TWh of generation, 3.99 GW at peak, to cover distribution 
losses of 5.3%. 
b The peak charging load occurs on Monday evenings in February in TEMPO’s representative week simulations. 
January 30 has February data because most of the week of January 30–February 5 occurs in February. 
c Average weight and average daily load are per sample EV. 

Sources: Yip et al. (2023); Hale et al. (2022a). 

2.2 Individual Electric Vehicle Flexibility Models 
We represent the ability to flexibly schedule EV charging for inflexible vehicle trips by pairing a 
deferred charging strategy with the Immediate charging strategy for the same vehicle. The 
deferred strategy is the most delayed charging profile that still enables all trips, whereas the 
Immediate strategy is, by definition, the earliest possible charging. Figure 1 shows state of charge 
(SOC) profiles for one vehicle-week labeled Immediate, Delayed, and Min Charges & Delayed. 
Pairing the Immediate profile with the Delayed profile defines “within-session” flexibility, which 
assumes the number of charging sessions and the amount of energy delivered in each charging 
session stay the same, but energy delivery can be scheduled across the entire vehicle dwell 
period. Pairing the Immediate profile with the Min Charges & Delayed strategy allows more 
flexible “within-week” charging deferral. This study assumes ubiquitous charger access for all 
strategies, that dwelling vehicles can charge at the power level of the last charger used in the 
Immediate strategy, and that all charging strategies for all sample vehicles start and end each 
week with full batteries. 

 
Figure 1. Example of all charging strategies for a single vehicle-week.  

Trips are indicated by falling SOC; increasing SOC indicates charging. There are 31 charging sessions under the 
Immediate and Delayed strategies and 2 under Min Charges & Delayed. 
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We simulate EVMC as individual or aggregate battery-like flexibility represented to the bulk 
power system because we are able to derive a mathematical representation of the charging 
flexibility in EVMC, and power systems modeling already handles battery-like resources. To 
derive a battery-like model of flexibility, we first identify the Immediate charging strategy with 
charging profile 𝑃𝑃1(𝑡𝑡) (kW) and SOC profile 𝑆𝑆1(𝑡𝑡) (kWh). Likewise, the deferred strategy 
profiles are indicated by 𝑃𝑃2(𝑡𝑡) (kW) and 𝑆𝑆2(𝑡𝑡) (kWh). The variables in the flexibility model are 
the differences between the actual charging (power, 𝑃𝑃(𝑡𝑡)) and SOC (energy, 𝑆𝑆(𝑡𝑡)) profiles 
relative to the unmanaged, Immediate profiles: 

Δ𝑃𝑃(𝑡𝑡) = 𝑃𝑃(𝑡𝑡) − 𝑃𝑃1(𝑡𝑡) (2.1) 

Δ𝑆𝑆(𝑡𝑡) = 𝑆𝑆(𝑡𝑡) − 𝑆𝑆1(𝑡𝑡). (2.2) 
The final form of the model is: 

Δ𝑆𝑆(𝑡𝑡) = Δ𝑆𝑆(𝑡𝑡 − 1) + Δ𝑃𝑃(𝑡𝑡)𝛿𝛿𝛿𝛿 (2.3) 

Δ𝑃𝑃(𝑡𝑡) ≤ Δ𝑃𝑃(𝑡𝑡) ≤ Δ𝑃𝑃(𝑡𝑡) (2.4) 

ΔS(𝑡𝑡) ≤ ΔS(𝑡𝑡) ≤ 0, (2.5) 
where 𝛿𝛿𝛿𝛿 is the temporal resolution of the model (e.g., 𝛿𝛿𝛿𝛿 = 1h). We derive expressions for the 
parameters Δ𝑃𝑃(𝑡𝑡), Δ𝑃𝑃(𝑡𝑡), and ΔS(𝑡𝑡) (the upper bound for ΔS(𝑡𝑡) is zero because the Immediate 
strategy maximizes SOC) by observing that: 

𝑆𝑆∗(𝑡𝑡) = 𝑆𝑆∗(𝑡𝑡 − 1) + 𝑃𝑃∗(𝑡𝑡)𝛿𝛿𝛿𝛿 − 𝐸𝐸(𝑡𝑡)𝛿𝛿𝛿𝛿, (2.6) 
where E(t) is energy lost through driving, holds for all three pairs of profiles: actual (𝑆𝑆(𝑡𝑡), 𝑃𝑃(𝑡𝑡)), 
Immediate (𝑆𝑆1(𝑡𝑡), 𝑃𝑃1(𝑡𝑡)), and deferred (𝑆𝑆2(𝑡𝑡), 𝑃𝑃2(𝑡𝑡)), assuming that all chargers are of equal 
efficiency. By definition, we also have: 

0 ≤ 𝑃𝑃(𝑡𝑡) ≤ 𝑃𝑃(𝑡𝑡) (2.7) 

𝑆𝑆2(𝑡𝑡) ≤ 𝑆𝑆(𝑡𝑡) ≤ 𝑆𝑆1(𝑡𝑡), (2.8) 
where 𝑃𝑃(𝑡𝑡) is equal to zero when the vehicle is traveling and is equal to the power level of the 
last charger used in the Immediate strategy otherwise. 

Combining Eq. 2.1 and Eq. 2.7 yields: 
Δ𝑃𝑃(𝑡𝑡) = −𝑃𝑃1(𝑡𝑡) (2.9) 

Δ𝑃𝑃(𝑡𝑡) = 𝑃𝑃(𝑡𝑡) − 𝑃𝑃1(𝑡𝑡). (2.10) 
If earliest and latest allowed vehicle SOC profiles 𝑆𝑆1(𝑡𝑡) and 𝑆𝑆2(𝑡𝑡) are directly available, ΔS(𝑡𝑡) 
can be directly calculated from Eq. 2.2 and Eq. 2.8: 

ΔS(𝑡𝑡) = 𝑆𝑆2(𝑡𝑡) − 𝑆𝑆1(𝑡𝑡). (2.11) 
However, if those profiles are not available, ΔS(𝑡𝑡) can also be calculated by starting from a time 𝑡𝑡∗ 
at which it is known that 𝑆𝑆2(𝑡𝑡∗) = 𝑆𝑆1(𝑡𝑡∗) (such that ΔS(𝑡𝑡∗) = 0) and then evolving ΔS per: 

ΔS(𝑡𝑡) = ΔS(𝑡𝑡 − 1) + �𝑃𝑃2(𝑡𝑡) − 𝑃𝑃1(𝑡𝑡)�𝛿𝛿𝛿𝛿, (2.12) 
which is derived by subtracting the 𝑆𝑆1 version of Eq. 2.6 from the 𝑆𝑆2 version of Eq. 2.6. The 
resulting model Eqs. 2.3–2.5, 2.9, 2.10, 2.12 is an exact representation of vehicle-level charging 
flexibility under the assumptions of this study. 
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2.3 Aggregate Electric Vehicle Flexibility Models for Direct Load 
Control 

Representing megawatt-scale EV charging flexibility as DLC in our power system model 
requires aggregation to dozens of battery-like devices. To aggregate, we use the same model 
structure as in Eqs. 2.3–2.5 but calculate parameter bounds by summing over the analogous 
bounds for a set of vehicles 𝑘𝑘 ∈ 𝕂𝕂 participating in managed charging. We also multiply each 
parameter by its own scaling factor, 𝑓𝑓1, 𝑓𝑓2, or 𝑓𝑓3: 

Δ𝑃𝑃(𝑡𝑡) = 𝑓𝑓1�Δ𝑃𝑃𝑘𝑘(𝑡𝑡)
𝑘𝑘∈𝕂𝕂

 (2.13) 

Δ𝑃𝑃(𝑡𝑡) = 𝑓𝑓2�Δ𝑃𝑃𝑘𝑘(𝑡𝑡)
𝑘𝑘∈𝕂𝕂

 (2.14) 

ΔS(𝑡𝑡) = 𝑓𝑓3�Δ𝑆𝑆𝑘𝑘(𝑡𝑡)
𝑘𝑘∈𝕂𝕂

. (2.15) 

Scaling factors are included because, as described in Hao et al. (2015) and demonstrated for these 
data in Hale et al. (2022a), directly using Eqs. 2.13–2.15 with 𝑓𝑓1 = 𝑓𝑓2 = 𝑓𝑓3 = 1 will overstate the 
aggregate charging flexibility of the vehicles in 𝕂𝕂. This overstating of aggregate charging 
flexibility is a major disadvantage of DLC aggregations representing to the bulk power system. 
Furthermore, precisely calculating the aggregate feasible set for heterogeneous individuals is 
mathematically intractable (Taha, Vincent, and Bitar 2022). We therefore apply “low-error” 
scaling factors 𝑓𝑓1 = 𝑓𝑓2 = 𝑓𝑓3 = 0.5 computed via numerical experiments described in Hale et al. 
(2022a) and shown therein to enable a DLC aggregator to fulfill dispatch requests of the 
megawatt-scale battery-like DLC resource with low (<0.5%) mean absolute error.1 By choosing 
the scaling factors in this way, we avoid having to simulate the dispatch-fulfillment process (i.e., 
re-dispatch to individual EVs) for tens of thousands of sample vehicles and simply present 
production cost modeling results using 19 aggregate, megawatt-scale, battery-like flexibility 
models. 

2.4 Price-Responsive Dispatch Mechanisms 
We compare two price-responsive dispatch mechanisms, RTP and TOU, to our previously 
described DLC mechanism. In both price-responsive mechanisms, we schedule individual EV 
charging to minimize charging costs subject to Eqs. 2.3–2.5, 2.9, 2.10, and 2.12 for each 
vehicle.2 The only difference between the two price-responsive mechanisms is their hourly price 
profiles. The PLEXOS day-ahead model simulated using the unmanaged EV charging profile 
supplies the hourly RTP profile. We calculate TOU rates to minimize the mean absolute 
difference between the resulting TOU price schedule and the hourly RTP subject to structural 
constraints on number of seasons and blocks, minimum number of days in a season, and 
minimum number of hours in a block. In this study, we use the TOU-1-2 rate described in Hale 

 
 
1 The scaling factors can be selected to meet other objectives. For example, Hale et al. (2022a) also presents factors 
that maximize expected aggregator revenue when unfulfilled dispatch requests are bought back at the real-time 
price. 
2 In practice, we calculated individual vehicle schedules in 100 sample vehicle batches using GAMS and the Gurobi 
LP solver. 
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et al. (2022a) and Appendix A.2, which defines two time blocks per day and allows different 
prices on weekdays and weekends. The resulting TOU rate has lower prices both overnight 
(midnight to 7 a.m. on weekdays and midnight to 9 a.m. on weekend days) and on weekends. 
Because we only use one TOU rate in this study, in what follows, we refer to the TOU-1-2 rate 
as “TOU.”3

  

Because individual vehicles (or drivers or chargers) achieve RTP- and TOU-based EVMC by 
scheduling charging to communicated prices, RTP and TOU can access individual vehicles’ full 
flexibility. Price-responsive mechanisms’ ability to access each individual vehicle’s full 
flexibility is an advantage compared to scaled forms of aggregate DLC. However, many vehicles 
receiving the same prices are incentivized to act synchronously. This can result in large load 
spikes as vehicles respond to RTP minimums, or large jumps or drops in EV charging at the 
times when TOU rates change. This study mitigates TOU charging spikes by flattening EV 
price-response with a $1/(MW/h) ramp penalty. The ramp penalty creates a preference, for 
example, for an EV needing p kWh to charge at p/4 kW in 4 equally priced hours (for a total 
ramp penalty of $0.0005p) rather than p in the first hour and 0 in the following 3 hours (for a 
total ramp penalty of $0.002p). Although not widely implemented today, such a management 
strategy could be implemented by local controllers aware of vehicles’ planned departure times 
and desired SOCs, in addition to the TOU rate schedule. Our results show that this flattening of 
EVMC response to TOU rates is a primary way price-responsive mechanisms can work at higher 
shares of LDVs participating in EVMC. 

2.5 Production Cost Modeling Implementation 
This study uses production cost modeling in up to three nested scheduling stages in the PLEXOS 
software to simulate the impact of different EVMC participation, flexibility, and dispatch 
mechanism scenarios on bulk power system operating costs. Stages 1 and 2 mimic two-
settlement wholesale electricity market formulations common in North America, including in 
ISO-NE. Stage 1 is a day-ahead unit commitment and economic dispatch simulation that fixes 
most unit commitments for Stage 2 based on nodal transmission constraints and fixed load 
forecasts. Stage 2 is a real-time simulation that accepts Stage 1 commitment and dispatch 
decisions as input and then responds to actual load conditions by changing the commitment 
status of fast-starting combustion turbines and adjusting committed generators’ dispatch levels. 
All scenarios use Stage 1 and Stage 2 simulations, with different Stage 1 results feeding into 
Stage 2 based on the EVMC dispatch mechanism and forecast type. Only low-error DLC (DLC-
LE) scenarios start with Stage 0, which performs regional, day-ahead unit commitment and 
economic dispatch including the aggregate, megawatt-scale DLC-LE flexibility resources 
described in Section 2.3. This fixes the DLC-LE EV load profiles for the subsequent Stage 1 and 
Stage 2 simulations, thereby managing the computational challenge of optimizing EV charging 
load with generator commitment decisions before adding in nodal transmission constraints.4 The 
coarser transmission representation used in Stage 0 both reduces computational time and 

 
 
3 TOU rates with more than one season and/or with more blocks can better mimic the patterns seen in hourly RTP 
profiles but can be trickier to design. It is beyond the scope of this study to analyze the performance of differently 
resolved TOU rates. 
4 Some similar practices are implemented in contemporary North American markets. For example, PJM optimizes 
pumped storage hydropower scheduling prior to running the day-ahead market. 
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improves the quality of DLC EVMC scheduling, as measured by the number of violations and 
penalties realized in Stages 1 and 2, as compared to incorporating battery-like DLC-LE EVMC 
scheduling directly in Stage 1. All simulations use PLEXOS version 9.0r9 with the Gurobi version 
9.5.1 solver. 

We simulate the impact of using DLC-LE to manage EV charging by partitioning the EV load 
into nonparticipating fixed and participating flexible portions and dispatching the flexible load in 
Stage 0. Nonparticipating EV load is aggregated into regional, unmanaged profiles. Sample 
vehicles participating in DLC EVMC are assigned to one of 19 ISO-NE dispatch zones, their 
flexibility is aggregated per dispatch zone as described in Section 2.3, and the resulting flexibility 
models are instantiated as PLEXOS pumped storage hydropower units. Stage 0 then optimizes 
these battery-like pumped storage hydropower units alongside supply-side resources. The 
resulting aggregate profiles are used as perfect-foresight forecasts of the actual DLC-LE EVMC 
response in Stages 1 and 2. 

The price-responsive dispatch mechanism simulations (RTP and TOU) also partition EV load 
into participating (flexible) and nonparticipating (fixed) portions. Fixed EV load is aggregated by 
county and assigned to the nearest node. Participating price-responsive EVs minimize their 
charging costs based on the flexibility constraints Eqs. 2.3–2.5, 2.9, 2.10, and 2.12, and their 
individual vehicle parameter values Δ𝑃𝑃𝑘𝑘(𝑡𝑡), Δ𝑃𝑃𝑘𝑘(𝑡𝑡), and Δ𝑆𝑆𝑘𝑘(𝑡𝑡). Computationally, we calculate 
individual vehicle responses in 100-vehicle batches and in this setting apply the $1/(MW/h) ramp 
penalty described previously to flatten the aggregate response. Although we apply price-response 
flattening via ramp penalty for both RTP and TOU, it has a greater impact on the TOU results 
because TOU prices are constant for multihour periods. 

We simulate two forecast types for the price-responsive dispatch mechanisms: no-foresight and 
perfect-foresight, by using different Stage 1 results as input into Stage 2. Stage 2 always uses the 
actual price-responsive EV load simulated for the specified mechanism (RTP or TOU), flexibility 
type (within-session or within-week), and participation level. No-foresight uses the Stage 1 
simulation with unmanaged EV load to establish initial commitment and scheduling decisions for 
Stage 2. This is a worst-case forecast, in which the day-ahead unit commitment does not 
anticipate how EVs will respond to RTP or TOU prices. Perfect-foresight uses the same EV load 
profiles as Stage 2 in Stage 1. Thus, Stage 2 is initialized with commitment decisions and 
dispatch levels that already anticipate the exact shape of EV load—a best-case forecast. 

2.6 Scenario Framework 
This study compares the production cost (PC) savings of EVMC across participation mechanisms 
(DLC-LE, RTP, TOU), participation rates (5%, 30%, 60%, 100%), forecasting types (no-foresight 
and perfect-foresight), and flexibility types (within-session, within-week) (Table 2). Relative to 
our previous work (Hale et al. 2022a), which used only no-foresight forecasts for the price-
responsive RTP and TOU mechanisms, this study measures the extent to which perfect-foresight 
forecasts improve RTP and TOU performance relative to no-foresight forecasts and to DLC-LE, 
which we assume to be perfectly forecast because it directly coordinates EV charging with 
supply-side grid resources (with low error). Table 3 summarizes the three dispatch mechanisms. 
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Table 2. Scenario Framework for Exploring How Price-Responsive Dispatch Mechanisms Compare 
to Direct Load Control 

 Charging 
Strategy 

Dispatch 
Mechanism 

Participation 
Rates 

Forecasting 
Types 

Flexibility 
Type 

Values Unmanaged 
vs. managed 

DLC-LE, RTP, 
TOU 

5%, 30%, 60%, 
100% of modeled 
EVs 

No-foresight 
vs. perfect-
foresight 

Within-
session vs. 
Within-week 

Represents Cost savings 
if timing of 
charging is 
managed 
(V1G) 

Different 
management 
strategies: 
aggregate with 
system vs. 
vehicle-level, 
hourly vs. 
coarser 

Fraction of EVs 
whose charging 
schedules are 
actively managed 

Bounds how 
well grid 
operators 
could forecast 
price-
responsive 
(RTP and 
TOU) EVMC 

EVMC that 
only specifies 
charging 
times or also 
specifies 
charging 
sessions 

Does not 
represent 

Impact of 
charging 
infrastructure 
scenarios; 
vehicle-to-
grid (V2G) 

Multiple grid 
services, 
distribution 
system costs 

Participation 
informed by trade-
offs between 
EVMC value, 
incentives, 
program design, 
and behavior 

Realistic 
estimates of 
achievable 
forecast 
accuracy 

Impact of 
place-based 
pricing 

 
Table 3. Summary of Dispatch Mechanisms and Parameters 

Mechanism Parameter Value 

RTP Price info 
Number of prices 

Unmanaged day-ahead 
8,760 

TOU 1-2 Price info 
Number of prices 

Unmanaged day-ahead 
4 

DLC-LEa Price info 
𝑓𝑓1 = 𝑓𝑓2 = 𝑓𝑓3 

N/A 
0.5 

aIn what follows, we often use the simpler label DLC, and reserve DLC-LE for times when the scaling applied to 
individual vehicle flexibility to create reliable megawatt-scale aggregates is of particular importance. 

 
We calculate EVMC production cost savings by subtracting the production costs of the managed 
scenarios from those of the reference, unmanaged, scenario. We report results in dollars per 
participating vehicle-year ($/veh-yr), in absolute dollars, and as a percentage of the unmanaged 
scenario’s production costs. Production costs include fuel, start and shutdown costs, variable 
operations and maintenance costs, and a $45/metric ton of CO2 price on emissions (Bloom et al. 
2022). All costs except for the start and shutdown costs of non-quick-start generators, which are 
taken from the Stage 1 day-ahead simulations, are pulled from the Stage 2 real-time simulations. 
Unlike previous work (Hale et al. 2022a), we do not estimate capacity value. 
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3 Results 
The results provide a detailed picture of the pros and cons of RTP, TOU, and DLC as EVMC 
dispatch mechanisms at different levels of participation (from 2.5% to 45% of LDVs) and with 
different levels of charge scheduling flexibility (within-session and within-week). We examine 
the value of the mechanisms with perfect-foresight in Section 3.1, examine the value of perfect-
foresight compared to no-foresight, i.e., forecast value, in Section 3.2, describe implementation 
challenges associated with RTP in Section 3.3, and consider the value of price-responsive 
mechanisms compared to DLC, given the additional complexity and costs associated with 
implementing DLC, in Section 3.4. A full table of results is available in Appendix C. 

3.1 Production Cost Savings of Price-Responsive Mechanisms 

Perfect-foresight provides production cost savings at higher participation rates than the 
same load integrated with no-foresight. Even with perfect-foresight, there is a maximum 
participation rate beyond which price-responsive charging provides low or negative 
savings. 
Perfect-foresight of price-responsive EV load increases the participation rates at which price-
responsive mechanisms produce production cost savings comparable to or better than those 
achieved by DLC. As in our previous study (Hale et al. 2022a), in this study (Table A.2) we find 
negative or low savings (less than 35% of DLC’s per-vehicle value) for 14% of LDVs 
scheduling within-session or within-week charging on an RTP or TOU rate and integrated into 
grid operations with no-foresight (from −$96/vehicle-yr for within-week RTP to $12/vehicle-yr 
for within-session TOU compared to $31/vehicle-yr for within-session DLC and $60/vehicle-yr 
for within-week DLC). Incorporating perfect-foresight of price-responsive EV load changes this 
result. Figure 2 shows price-responsive mechanisms can yield positive production cost savings 
for all studied participation rates (up to 45% of LDVs) when scheduling within-session 
flexibility. For within-week flexibility, 14% to 27% of LDVs responding to RTP or TOU rates 
provide per-vehicle production cost savings similar to those achieved by DLC (Figure 2). 

Although foresight greatly increases the relative savings of price-responsive dispatch, there is 
still a maximum amount of participation beyond which more coordinated DLC mechanisms are 
necessary to achieve production cost savings. In our simulations, perfect-foresight of RTP or 
TOU response is insufficient to obtain significant savings from within-week EVMC with 45% of 
LDVs responding. Although our study did not include enough electric vehicles to reach a similar 
limit for within-session flexibility, the trajectory of RTP value between 27% and 45% of vehicles 
participating suggests that such a limit does exist (Figure 2). Furthermore, the study assumption 
of ubiquitous charging, by distributing charging across many sessions (e.g., 31 charging sessions 
in 1 week [Figure 1]), within which charging is less flexible, on average, than if fewer, longer-
dwell charging sessions are chosen, might also lead to overestimates of the ability of price-
responsive mechanisms to deliver value with high within-session EVMC participation rates. 
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Figure 2. Perfect-foresight annual per-vehicle production cost (PC) savings by dispatch 

mechanism and flexibility type.  
Perfect-foresight preserves positive value for price-responsive, within-session EVMC applied to up to 45% of the LDV 
fleet. Within-week per-vehicle production cost savings are maximized by RTP at low participation rates, but TOU and 

RTP production cost savings are low or negative with 45% of the LDV fleet actively scheduling weekly charging 
because it becomes difficult to serve electricity demand from all the EVs trying to charge in the lowest-cost hours. 

3.2 The Value of Perfect-foresight Compared to No-foresight 

Foresight value is higher at higher participation rates, for within-week compared to 
within-session flexibility, and for RTP compared to TOU. 
The additional value unlocked by accurately forecasting EV load increases as more EV charging 
is managed and managed more flexibly. Figure 3 directly compares no-foresight (day-ahead unit 
commitment based on unmanaged EV profiles) and perfect-foresight (day-ahead unit 
commitment based on actual EV profiles, after price-responsive vehicles respond to RTP or TOU 
prices) annual per-vehicle production cost savings, with negative production cost savings 
truncated at zero to preserve y-axis legibility. The gaps between perfect-foresight and no-
foresight savings, which are always positive and we refer to as foresight value, are largest for 
RTP with within-week flexibility. As shown in Table A.2, foresight value ranges from 
$10/vehicle-yr (2% of LDVs responding to TOU) to $1,052/vehicle-yr (27% of LDVs 
responding to RTP) for within-week flexibility. For within-session flexibility, we observe lower 
foresight value, ranging from $5/vehicle-yr (2% of LDVs responding to RTP) to $284/vehicle-yr 
(45% of LDVs responding to RTP). In both cases, foresight value exceeds perfect-foresight 
production cost savings at moderate participation shares (by 27% of LDVs for within-session 
flexibility and by 14% of LDVs for within-week flexibility) and continues growing as 
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participation shares increase. Because perfect-foresight production cost savings decline with 
increasing participation shares, this trend implies the effectiveness of price-responsive dispatch 
mechanisms becomes more dependent on accurate day-ahead forecasts of actual response as 
participation rates grow. 

 
Figure 3. Perfect-foresight outperforms no-foresight across all price-responsive mechanisms and 

participation rates.  
Foresight value increases with participation rate, is higher for RTP compared to TOU, and is higher for within-week 

flexibility compared to within-session flexibility. In this figure, negative per-vehicle savings values are truncated at 0 to 
preserve y-axis legibility. This impacts many no-foresight data points and the perfect-foresight production cost savings 

of RTP with within-week flexibility. The actual values are available in Table C.1. PC = production costs. 

Foresight value is higher for RTP compared to TOU. The simple average foresight value for 
eight scenarios (four participation levels, two flexibility types) with the RTP dispatch mechanism 
is $309/veh-yr, more than 100% higher than the equivalent value of $147/veh-yr for TOU. This 
is attributable to the increased hourly granularity of RTP. RTP’s increased incentive to schedule 
EV charging load into specific low-price hours results in difficult-to-serve load spikes. If a 
perfect forecast of response is used to commit lower-cost generators day-ahead that leads to 
significantly lower production costs compared to relying on quick start generators to address 
RTP-induced load spikes in real-time. The less abrupt transitions induced by flattened TOU 
response are also better managed if first addressed in day-ahead commitment (with perfect 
foresight), but the difference between doing that and only responding in real-time (no-foresight) 
is not as pronounced as it is for RTP. 
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3.3 Week-ahead Hourly Scheduling Maximizes Savings, Presents 
Implementation Challenges 

For each participation rate studied, the highest per-vehicle savings is achieved by 
within-week EVMC actualized using RTP with perfect-foresight or DLC. However, this 
result might be difficult to implement because wholesale markets do not offer week-
ahead schedules or prices, RTP is sensitive to forecast quality, and RTP can produce 
high ramp rates that must be accommodated by other forms of grid flexibility. 
Table 4 summarizes which dispatch mechanism provides the most savings with different 
participation levels and flexibility types. The RTP mechanism with perfect-foresight provides the 
most production cost savings at low participation rates, and the DLC mechanism provides the 
most production cost savings at high participation rates. The best-performing mechanism for 
within-week flexibility outperforms the best-performing mechanism for within-session flexibility. 
These results suggest an EVMC strategy based on RTP for participation rates less than about 
15% of the LDV fleet, DLC for participation rates greater than about 15% the LDV fleet, and 
scheduling charging over multiple days to a week rather than for single charging sessions. 

Table 4. Preferred Dispatch Mechanisms and the Value Thereof at Different Levels of EVMC 
Participation and Coordination, Assuming Perfect-Foresight When Applicable 

Flexibility  
Participation 

(% LDVs) 
Preferred 

Mech. 

Avg. Prod. 
Cost Savings 

($/veh-yr) 

DLC 
Value 

($/veh-yr) 

Preferred 
Price-Res. 

Mech. 
Value 

($/veh-yr) 

Foresight 
Value 

($/veh-yr)a 

Within-
Session 

2 RTP 65.0 50.3 RTP 65.0 4.89 

14 RTP 41.2 34.6 RTP 41.2 31.2 

27 RTP 32.1 28.9 RTP 32.1 77.4 

45 DLC 23.3 23.3 TOU 20.2 88.5 

Within-
Week 

2 RTP 108 84.4 RTP 108 18.0 

14 RTP 61.8 59.9 RTP 61.8 158.1 

27 DLC 45.5 45.5 TOU 33.0 154.8 

45 DLC 34.5 34.5 TOU 11.2 760.5 

aForesight value is the production cost savings of the preferred price-responsive mechanism with perfect-foresight 
minus its no-foresight counterpart. 

Mech.=Mechanism; Avg.=Average; Prod.=Production; Price-Res.=Price-Responsive 

However, executing this strategy implies significant changes to bulk power system operations. 
First, U.S. wholesale power markets do not currently operate the multiday markets needed to 
schedule EV charging on a multiday to weekly basis using either hourly RTPs or an aggregated 
DLC mechanism. Second, the foresight value for RTP at 14% of LDVs participating ($31/veh-yr 
to $158/veh-yr) is of the same magnitude or greater than the perfect-foresight production cost 
savings ($41/veh-yr to $62/veh-yr). This suggests accurate forecasts of RTP response are 
necessary to achieve production cost savings once participation moves beyond early adopters. 
Finally, RTP, and to a lesser extent DLC, tends to increase maximum ramp rates as EVMC 
participation rates increase. As shown in Table A.2, RTP and DLC maximum ramp rates are 
higher than the unmanaged maximum ramp rate (3.93 gigawatts per hour, GW/h) at participation 
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rates greater than or equal to 27% of the LDV fleet for both within-session and within-week 
flexibility. To illustrate, Figure 4 shows the weeks containing the maximum single-hour upward 
ramps for the unmanaged scenario and for each of the DLC, RTP (perfect-foresight), and TOU 
(perfect-foresight) scenarios with 27% of LDVs participating with within-week flexibility. In this 
case, the maximum upward ramping requirements for the RTP scenario are 240% larger than for 
the unmanaged scenario. Although our envisioned ISO-NE system has sufficient flexibility to 
meet the ramping requirements for all scenarios except the most extreme one (45% of LDVs 
scheduling within-week flexibility against an RTP) while still reducing production costs, flexible 
capacity procurement and operation are necessary to produce this result. As shown in the lower 
right pane of Figure 4, the production cost model used in this study, which peaks at 31.7 GW, 
flexibly dispatches 14.2 GW of gas combined-cycle (CC) units, 271 megawatts (MW) of gas 
combustion turbines (CTs), and 858 MW of pumped storage hydropower to accommodate load 
spikes induced by RTP response. 

 

Figure 4. Maximum load ramps are greatly affected by the method used to dispatch flexible EV 
load.  

Within-week RTP for 27% of LDVs participating increases the maximum ramp rate 240% above that for the unmanaged 
scenario but still yields production cost savings (Table A.2). In contrast, within-week TOU with 27% of LDVs 

participating flattens the EV charging profile and decreases the maximum ramp rate relative to the unmanaged 
scenario. 
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3.4 Price-Responsive Mechanisms Value-Competitive with DLC, 
Especially Within-Session 

With perfect forecasts, price-responsive mechanisms are value-competitive with DLC at 
participation rates of at least 45% of LDVs for within-session flexibility, and up to 27% of 
LDVs for within-week flexibility. Although TOU never maximizes production cost 
savings, it might provide the most value over a wide range of participation rates after 
accounting for implementation costs. 
Improved forecasting increases the EVMC participation levels at which price-responsive dispatch 
mechanisms are competitive with DLC. Table 4 shows DLC is the highest-value mechanism 
only at high participation rates, specifically 45% LDV participation for within-session flexibility 
and 27% LDV participation and above for within-week flexibility. However, price-responsive 
mechanisms can still be value-competitive with DLC, even when they yield lower savings. DLC 
requires frequent two-way communication and coordination, which implies higher enablement 
costs. For DLC to be the preferred mechanism, its additional savings must exceed its additional 
costs when compared to alternatives. To estimate how much value could be extracted from the 
higher costs of DLC, it is instructive to quantify differences between DLC savings and preferred 
price-responsive mechanism savings. For within-session flexibility at 45% LDV participation 
and within-week flexibility at 27% LDV participation, the TOU mechanism, although not 
preferred overall, is the preferred price-responsive mechanism and only reduces savings 
compared to DLC-LE by $3/veh-yr or 13% (DLC $23 vs. TOU $20/veh-yr) and $12/veh-yr or 
27% (DLC $45 vs. TOU $33/veh-yr), respectively (Table 4). This suggests that incremental 
enablement costs for within-session DLC compared to a well-designed TOU tariff must be tens 
of dollars per vehicle-year or less to be value-competitive with TOU rates. A similar result holds 
for within-week DLC, but over a narrower band of participation levels, as only DLC is able to 
effectively schedule the within-week charging flexibility of 45% of the LDV fleet to achieve 
overall production cost savings of nearly 10% (Figure 5). 

A TOU rate can also be value-competitive with RTP. TOU rates are coarser and updated much 
less frequently than RTPs, which means communications, controls, and response forecasting can 
be simpler, less costly to implement, and less sensitive to communication disruptions. And 
although RTP is the highest-value mechanism at low participation rates, as participation rates 
increase, the flattened TOU responses implemented in our study become preferred. TOU 
(perfect-foresight) outperforms RTP (perfect-foresight) in total and incremental savings value for 
27%–45% LDV participation for within-week flexibility and at 45% LDV participation for 
within-session flexibility (Figure 5). And although RTP responses can greatly increase maximum 
system-level ramp rates, TOU reduces maximum system-level ramp rates compared to the 
unmanaged scenario in all but one scenario (Table A.2, also see Figure 4 for the 27% LDV 
within-week scenario). 

This suggests TOU responses are less likely than RTP responses to stress power system 
flexibility, especially at moderate to high participation rates and assuming local controls are 
implemented to use more of the dwell period than the minimum necessary to reach desired states 
of charge. 
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Figure 5. Average ($/veh-yr), incremental ($/veh-yr), and total (% of unmanaged real-time) 

production cost savings.  
Production costs can be reduced about 5% when 27% to 45% of LDVs actively respond to prices (TOU and 

sometimes RTP) and up to about 10% if 45% of LDV charging is scheduled over a week as part of a DLC program. 
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4 Discussion and Conclusions 
Improved forecasting of price-responsive EVMC increases bulk power system production cost 
savings and makes price-responsive EVMC on RTP or TOU rates preferable to DLC at higher 
participation and flexibility levels. On the envisioned ISO-NE bulk power system, perfect-
foresight RTP is preferred to DLC with up to 27% of LDVs participating in within-session 
managed charging, and perfect-foresight price-responsive strategies are value-competitive up to 
at least 27% and 45% participation for within-week and within-session EVMC scheduling, 
respectively. Improved forecasting provides more savings as the amount of EVMC flexibility and 
the time granularity of prices increases. Even with improved forecasting, value can be contingent 
on the rest of the power system: for example, with 27% of LDVs scheduling charging across the 
week in response to an RTP forecast, savings can be realized only if generators provide additional 
operational flexibility to serve increased load ramp rates. 

We demonstrate that price-responsive dispatch of increasing shares of EVMC can be better 
achieved with a combination of two strategies: (1) flattening the response through managed TOU 
and (2) accurate price-response forecasting. Price-responsive managed TOU dispatch could be 
preferable to more complicated DLC approaches if operational flexibility is difficult to procure, 
if bulk power systems do not provide multiday schedules and pricing, or if costs of DLC 
implementation exceed additional savings compared to managed TOU responses. We find that 
the additional costs of the most valuable mechanisms, which are within-week flexibility 
exercised via RTP at low participation rates and via DLC at high participation rates, must be less 
than tens of dollars per vehicle-year, and in some cases can only be a few dollars per vehicle-
year, to outperform simpler mechanisms like flattened (managed) TOU and within-session 
flexibility. Although many North American utilities are still piloting EVMC, Baltimore Gas and 
Electric’s recently expanded EVMC program forecasts costs of around $50/vehicle-year for 
incremental participation in 2026–2027, excluding customer participation incentives for a DLC-
like implementation with 20,000–30,000 participating vehicles (Michel 2024). This suggests a 
range of costs of tens of dollars per vehicle-year may be policy-relevant as EVMC programs are 
scaled up beyond the pilot level. 

Whether price-responsive EVMC can achieve savings similar to those seen in this study under 
perfect-foresight is contingent on how well real-life forecasting approximates perfect-foresight. 
Contemporary power system operator experience and forecast quality suggest high-quality 
forecasting is feasible. Best-practice load forecasting and machine learning methods exhibit 
around 1% normalized mean average error in hour-ahead and 2%–4% normalized mean average 
error in day-ahead load forecasts (Bryce et al. 2023). EV loads are still small in North American 
jurisdictions compared to future EV adoption projections, but if similar forecasting errors can be 
achieved for price-responsive EV loads, implemented results should be closer to perfect-
foresight than to no-foresight. Also, although the quantitative savings per vehicle-year results of 
this study are particular to the system studied and all of our modeling assumptions, we would 
expect our high-level findings to hold qualitatively for all bulk power systems. That is, well-
forecast TOU responses based on individual vehicles charging at power levels moderated to use 
more of the dwell period than minimum-time charging can provide significant savings up to 
moderate shares of the LDV fleet. The additional value achievable by more complex mechanisms 
like RTP and DLC is likely insufficient to merit the additional cost and complexity in many but 
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not all circumstances on bulk power systems, and applying DLC to a portion of the EV fleet is 
required at sufficiently high managed charging participation rates. 

This study made several key assumptions that could be relaxed in future work. Setting the 
baseline charging profile assuming ubiquitous charging with vehicles immediately plugging in 
after every trip results in an unrealistically high number of plug-ins per vehicle and per week 
(Smart and Salisbury 2015). This also likely enhances the contrast seen in this study between 
within-session and within-week charging flexibility. On the other side of the ledger, assuming 
charging can be managed any time the vehicle is parked overstates the within-week flexibility 
resource, which is also impacted by the assumption that all vehicles start and end the week with a 
full SOC.  

In focusing on bulk power system LDV EVMC production cost savings, this work does not 
estimate other potential EVMC savings or EVMC enablement costs. Regarding savings, we do 
not investigate EVMC’s potential to displace long-term power generation investments or 
EVMC’s ability to reduce distribution system costs, both of which can provide significant 
additional savings highly dependent on system particulars but likely to be in the range of tens to 
hundreds of dollars per vehicle-year (Anwar et al. 2022). Reduced distribution system costs are 
cited in industry studies as a major reason for preferring DLC-like active management of EV 
charging at lower participation shares (The AES Corporation and Camus 2024; EnergyHub, Inc. 
2024). We also do not include load or managed charging for medium- and heavy-duty EVs. 
Regarding costs, we do not estimate the absolute or relative costs of enabling EVMC through 
TOU, RTP, or DLC mechanisms.  

This study also analyzes different dispatch mechanisms in isolation, but it could be that, 
especially after enablement costs and EV owner preferences are accounted for, a mix of dispatch 
mechanisms would provide more value for lower cost and with higher overall participation. 
Finally, we chose a specific strategy, applying a $1 per MW/h ramping penalty in the price-
responsive dispatch algorithm to penalize changing charging power across equally priced TOU 
periods, to mitigate TOU rebound effects. We heuristically discounted the megawatt-scale power 
and energy bounds of aggregated DLC to reduce expected dispatch error rates to below 5%. In 
both cases, other mitigation approaches might perform as well or better or be easier to implement 
in practice. 
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Appendix A.  Additional Information on Methods 
Figure A.1 shows the high-level workflow used in Hale et al. (2022a) and in this study to translate 
TEMPO™ county-level vehicle adoption and charging profile results into PLEXOS models and 
the results described in the main text. The workflow starts with a TEMPO vehicle adoption 
scenario. Once this is fixed, TEMPO runs three charging strategies per sample vehicle: 
Immediate, Delayed, and Min Charges & Delayed. The TEMPO charging profiles are in the form 
of lists of charging events for single weeks, but the PLEXOS production cost model requires 
hourly aggregate profiles for a whole year. The Python package dsgrid-flex performs the 
necessary translations via several processing steps. First, lists of charging events are transformed 
into hourly profiles, one profile for each sample vehicle and charging strategy. Pairs of these 
profiles (Immediate and Delayed for within-session flexibility, Immediate and Min Charges & 
Delayed for within-week flexibility) are then used to construct individual flexibility models 
(Section 2.2). dsgrid-flex also creates scaled aggregate flexibility models (Section 2.3) and 
dispatches individual flexibility models against hourly price profiles to simulate RTP and TOU 
response (Section 2.4). The unmanaged Immediate profiles, price-responsive managed profiles, 
and aggregate, battery-like, megawatt-scale flexibility models are then translated into a form 
ingestible by PLEXOS using another National Laboratory of the Rockies (NLR) Python package 
called beetle. Up to this point, the workflows for Hale et al. (2022a) and this study are identical. 

 
Figure A.1. EVMC in bulk power systems modeling workflow 

Compared to Hale et al. (2022a), this study modifies the staging and versioning of PLEXOS 
production cost modeling to compare no- and perfect-foresight EVMC scenarios. Production cost 
results with EVMC are compared to the unmanaged (TEMPO Immediate charging strategy) 
scenario. The unmanaged scenario uses the day-ahead, nodal (Stage 1) and real-time, nodal 
(Stage 2) scheduling stages. In the pass from day-ahead (Stage 1) to real-time (Stage 2), unit 
commitment and pumped storage hydropower schedules are fixed.  For scenarios in which less 
than 100% of light-duty electric vehicles (EVs) participate in managed charging, the unmanaged 
fraction is modeled the same as the unmanaged scenario, that is, the (fixed, aggregate) 
unmanaged profile is used for the unmanaged portion of vehicle charging in all production cost 
modeling stages. Vehicles are partitioned into unmanaged and managed portions by randomly 
selecting the required fraction of vehicles from each county using a fixed seed. Prices from the 
unmanaged scenario’s day-ahead (Stage 1) dispatch are also used to set the hourly RTP and TOU 
rates against which price-responsive EVMC is dispatched in batches using dsgrid-flex.  
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Managed EV charging, for both price-responsive and DLC mechanisms, is also fixed in the day-
ahead and real-time stages. The real-time stage always sees the actual managed profile, with unit 
commitment and pumped hydropower storage schedules fixed as in the unmanaged scenario.  
Scenario foresight differences result from whether the unit commitment and pumped hydropower 
storage schedules were computed in a day-ahead run with the same (actual managed) EV 
charging load profile (perfect-foresight) or in the unmanaged day-ahead run (no-foresight). 

While the price-responsive managed profiles (TOU and RTP) are computed by dispatching 
individual vehicle charging flexibility against prices using dsgrid-flex, DLC managed profiles 
are computed using a PLEXOS regional day-ahead run (Stage 0). This regional Stage 0 run is 
formulated to limit the computational complexity of dispatching aggregate EVMC, especially for 
within-week flexibility. NLR’s beetle software (Figure A.1) converts the flexibility 
representation described in the main text into a baseline EV fixed load profile 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏(𝑡𝑡) =
∑ 𝑃𝑃1,𝑘𝑘(𝑡𝑡)𝑘𝑘∈𝕂𝕂  and a representation of participating EV flexibility as a 100% efficient, pumped 
storage hydropower unit with time-varying pump and discharge capacities equal to 𝑓𝑓2 ∑ 𝑃𝑃𝑘𝑘(𝑡𝑡)𝑘𝑘∈𝕂𝕂  
and 𝑓𝑓1 ∑ 𝑃𝑃𝑘𝑘(𝑡𝑡)𝑘𝑘∈𝕂𝕂  and time-varying tail reservoir size equal to 𝑓𝑓3 ∑ 𝑆𝑆𝑘𝑘(𝑡𝑡)𝑘𝑘∈𝕂𝕂 . This results in 
fixed, DLC-managed profiles for each of the 19 dispatch zones in ISO-NE (Figure A.2) that are 
subsequently used in both the day-ahead (Stage 1) and real-time (Stage 2) simulations. (DLC is 
always assumed to operate under perfect-foresight conditions, that is, directly coordinated with 
supply.) 

For price-responsive mechanisms we apply a $1/(MW/h) ramping penalty to 100-vehicle batches 
of aggregated price-responsive EVMC to encourage flatter responses across equal-cost hours. 
This method of response flattening is more effective for TOU, which has long periods of equal 
prices, than for RTP, in which prices vary hourly and often by more than $1/MWh. The inclusion 
of this ramping penalty is important for interpreting reduced TOU ramp rate results such as those 
in Figure 4. 

We sum the price-responsive vehicle-level charging profiles over all vehicles 𝑘𝑘 ∈ 𝕂𝕂 for each 
county. The dispatch profiles of the DLC storage-like pumped storage hydropower units 
computed during Stage 0 are available for each of ISO-NE’s 19 dispatch zones (Figure A.2). Both 
sets of dispatch results are aggregated to the load region level before being passed to PLEXOS to 
run the nodal day-ahead (Stage 1) and real-time (Stage 2) models. The county to load region 
mapping (for price-responsive dispatch of individual vehicles, each of which is located in a single 
New England county) is determined by assigning each county to the nearest PLEXOS load node, 
each of which is assigned to a single load region. The grouping of ISO-NE’s 19 dispatch zones 
into eight load regions is shown in Figure A.2. 
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Figure A.2. ISO-NE dispatch zones and load regions.  

ISO-NE’s eight load regions are the indicated aggregations of 1–4 dispatch zones. Unmanaged EV load is 
represented at the load region level and then distributed to all load nodes using native, non-EV nodal load 

participation factors. Storage-like (“pseudo-storage") DLC aggregate EVMC flexibility models are represented in 
applicable Stage 0 runs at the highest load node per dispatch zone (19 storage-like units; approximate locations 
shown). In Stage 1 and 2 runs EVMC outcomes are, as with unmanaged EV load, represented at the load region 

level and assigned to load nodes using participation factors. 
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Appendix B. Time-of-Use Rates and Price-Responsive 
Dispatch 
For the TOU dispatch mechanism modeled in the main text, we construct TOU rates that attempt 
to mimic hourly RTP patterns as closely as possible while enforcing a season and block structure. 
Seasons, defined as a set of contiguous days, and blocks, defined as a set of contiguous hours, 
are chosen because these commonly feature in retail TOU prices with on-peak, mid peak, and/or 
off-peak rates that vary by season and times of day. Although our optimization formulation is 
general and could be used to construct any number of rates with different numbers of seasons, 
blocks, and restrictions on season and block length, in this study we analyze a TOU rate with one 
season and two blocks. 

The TOU rate we construct is intended to represent only the wholesale energy portion of a typical 
retail tariff. Other common retail tariff components other than wholesale energy include 
distribution, transmission, and line items to cover specific utility programs; these costs are not 
reflected in our rates except to the extent transmission congestion is captured in nodal PLEXOS 
simulations. Based on our modeling framework, we derive the wholesale energy portion of rates 
from the hourly real-time prices in the day-ahead PLEXOS model with unmanaged EV charging 
loads. Seasons are defined as groups of contiguous days that can wrap around the first day of the 
year (i.e., December 31 and January 1 can be in the same season). Blocks are defined separately 
for weekdays and weekend days, but in both cases, they consist of groups of contiguous hours 
that can wrap around at midnight (i.e., 11 p.m.–12 a.m. and 12 a.m.–1 a.m. can be in the same 
block). Seasons must persist for a minimum number of days (not applicable to our 1-season TOU 
rate); blocks must be at least as long as a minimum number of hours (4 in our TOU rate). 

The resulting TOU rate used in this study is in Table A.1. Consistent with average wholesale 
energy costs, TOU rates are lower overnight than in the daytime and are lower on the weekend 
than on weekdays. For both weekends and weekdays, lower rates start at midnight. The transition 
to daytime prices happens at 7 a.m. on weekdays and at 9 a.m. on weekends. Overall, the prices 
range from 2.9 cents/kWh overnight on weekends to 5.5 cents/kWh during the day on weekdays. 

Table A.1. TOU Tariff With 1 Season and 2 Blocks 

Season Day Type Block Rate  
(cents/kWh) Qualitative Description 

1 

Weekday 
1 4.2 Early morning/overnight  

(midnight to 7 a.m.) 

2 5.5 Daytime through evening  
(7 a.m. to midnight) 

Weekend 
1 2.9 Early morning/overnight  

(midnight to 9 a.m.) 

2 4.8 Daytime through evening  
(9 a.m. to midnight) 

The RTP and TOU dispatch mechanisms rely on dispatching Eqs. 2.3–2.5 against a price signal 
𝑝𝑝(𝑡𝑡). In this study, 𝑝𝑝(𝑡𝑡) is an hourly profile in $/MWh, specified for each of 8,760 hours in the 
year. In the RTP case, it consists of the system-level, day-ahead energy prices for the unmanaged 



28 
This report is available at no cost from the National Laboratory of the Rockies (NLR) at www.nlr.gov/publications. 

scenario. In the TOU case, after calculating the TOU tariff, we expand it again into an “8,760” 
profile that has many repeated values. (The same price applies in all hours assigned to a given 
season and weekday or weekend time block.) The simplest form of price-taking model minimizes 
charging costs for a set of participating vehicles 𝑘𝑘 ∈ 𝕂𝕂: 

min
∆𝑃𝑃𝑘𝑘(𝑡𝑡),∆𝑆𝑆𝑘𝑘(𝑡𝑡)

�𝑝𝑝(𝑡𝑡)∆𝑃𝑃𝑘𝑘(𝑡𝑡)𝛿𝛿𝛿𝛿
𝑘𝑘,𝑡𝑡

 (B.1) 

subject to the constraints of Eqs. 2.3–2.5. 

At high shares of EVMC participation, we find the dispatch produced by Eq. A.1 increases 
overall system costs because the amount of load that is shifted is able to create—for example, 
new system peaks. To mitigate this effect, we perform price-taking dispatch regularized by an 
aggregate ramp penalty price 𝜌𝜌 ($/[MW/h]): 

min
∆𝑃𝑃𝑘𝑘(𝑡𝑡),∆𝑆𝑆𝑘𝑘(𝑡𝑡),Δ𝑃𝑃(𝑡𝑡),Δ𝑃𝑃+(𝑡𝑡),Δ𝑃𝑃−(𝑡𝑡)

�𝑝𝑝(𝑡𝑡)∆𝑃𝑃𝑘𝑘(𝑡𝑡)𝛿𝛿𝛿𝛿
𝑘𝑘,𝑡𝑡

+ 𝜌𝜌��Δ𝑃𝑃+(𝑡𝑡) + Δ𝑃𝑃−(𝑡𝑡)�
𝑡𝑡

, (B.2) 

where Δ𝑃𝑃+(𝑡𝑡) and Δ𝑃𝑃−(𝑡𝑡) are the positive and negative parts of the ramp profile, calculated with 
the constraints: 

Δ𝑃𝑃(𝑡𝑡) = �∆𝑃𝑃𝑘𝑘(𝑡𝑡)
𝑘𝑘

 (B.3) 

Δ𝑃𝑃+(𝑡𝑡) − Δ𝑃𝑃−(𝑡𝑡) = �Δ𝑃𝑃(𝑡𝑡) − Δ𝑃𝑃(𝑡𝑡 − 1)�/𝛿𝛿𝛿𝛿 (B.4) 

Δ𝑃𝑃+(𝑡𝑡),Δ𝑃𝑃−(𝑡𝑡) ≥ 0. (B.5) 
We find that exactly how we group flexibility resources into sets 𝕂𝕂 that are dispatched in the 
same linear program does not significantly impact results. In this study, ramp penalties are 
applied to a maximum of 100 vehicles at a time. 
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Appendix C. Results 
All results discussed in the main text of the paper are included in Table A.2. 
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 Table A.2. Production Cost Savings and Operational Results.  
All results for price-responsive TOU and RTP not labeled otherwise are for perfect-foresight. For convenience, in addition to reporting foresight value, we also report 

no-foresight (NF) average production cost savings, which is equal to perfect-foresight average production cost savings minus foresight value. 

Participation 
%EVs    %LDVs 

Dispatch 
Mechanism 

Stage Production 
Costs (PC) 

$M/yr 

Total PC 
Savings 
$M/yr 

Average PC 
Savings 
$/veh-yr 

Incremental 
PC Savings 

$/veh-yr 

Foresight 
Value 

$/veh-yr 

NF Average 
PC Savings 

$/veh-yr 

Peak 
Load 
(GW) 

Max 
Ramp 

(GW/hr) 

Max EV 
Load 
(GW) 

0 0 Unmanaged DA 1,890.53 N/A N/A N/A N/A N/A 31.73 3.93 3.99 

0 0 Unmanaged RT 1,946.61 N/A N/A N/A N/A N/A 31.73 3.93 3.99 

Within-Session 

5 2.25 TOU RT 1,931.04 15.57 58.75 58.75 13.05 45.70 31.67 3.78 3.90 

5 2.25 RTP RT 1,929.38 17.23 65.01 65.01 4.89 60.11 31.64 3.92 3.89 

5 2.25 DLC DA 1,877.20 13.33 50.31 50.31 N/A N/A 31.69 3.93 3.92 

30 13.5 TOU RT 1,897.54 49.07 30.86 25.28 19.00 11.87 31.38 3.28 3.82 

30 13.5 RTP RT 1,881.09 65.52 41.21 36.45 31.25 9.95 31.23 3.94 4.27 

30 13.5 DLC DA 1,835.56 54.97 34.57 31.43 N/A N/A 31.25 3.93 4.57 

60 27 TOU RT 1,861.75 84.86 26.69 22.51 39.10 −12.41 31.00 3.08 3.75 

60 27 RTP RT 1,844.43 102.18 32.13 23.06 77.37 −45.24 30.71 6.81 6.96 

60 27 DLC DA 1,798.66 91.87 28.89 23.21 N/A N/A 30.73 4.07 4.81 

100 45 TOU RT 1,839.73 106.88 20.17 10.39 88.48 −68.31 30.52 3.02 3.68 

100 45 RTP RT 1,856.08 90.53 17.08 −5.50 284.04 −266.96 30.07 10.59 11.19 

100 45 DLC DA 1,767.01 123.52 23.31 14.93 N/A N/A 30.06 4.29 4.82 

Within-Week 

5 2.25 TOU RT 1,928.51 18.11 68.32 68.32 9.95 58.37 31.61 3.54 3.90 

5 2.25 RTP RT 1,918.07 28.54 107.69 107.69 18.02 89.67 31.59 3.89 3.84 

5 2.25 DLC DA 1,868.15 22.38 84.45 84.45 N/A N/A 31.64 3.90 3.92 

30 13.5 TOU RT 1,866.27 80.34 50.53 46.97 91.40 −40.87 31.03 3.24 3.90 
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Participation 
%EVs    %LDVs 

Dispatch 
Mechanism 

Stage Production 
Costs (PC) 

$M/yr 

Total PC 
Savings 
$M/yr 

Average PC 
Savings 
$/veh-yr 

Incremental 
PC Savings 

$/veh-yr 

Foresight 
Value 

$/veh-yr 

NF Average 
PC Savings 

$/veh-yr 

Peak 
Load 
(GW) 

Max 
Ramp 

(GW/hr) 

Max EV 
Load 
(GW) 

30 13.5 RTP RT 1,848.38 98.23 61.78 52.60 158.09 −96.31 30.94 7.21 7.87 

30 13.5 DLC DA 1,795.32 95.21 59.88 54.97 N/A N/A 31.25 3.80 5.24 

60 27 TOU RT 1,841.51 105.10 33.05 15.57 154.84 −121.79 30.29 3.61 5.02 

60 27 RTP RT 1,861.23 85.38 26.85 −8.08 1,052.19 −1,025.34 30.17 13.37 15.21 

60 27 DLC DA 1,745.74 144.79 45.53 31.18 N/A N/A 30.73 5.04 6.06 

100 45 TOU RT 1,887.03 59.58 11.24 −21.47 760.53 −749.29 29.30 6.38 7.52 

100 45 RTP RT 2,125.19 −178.58 −33.69 −124.51 848.95 −882.65 40.03 21.66 25.07 

100 45 DLC DA 1,707.59 182.94 34.52 18.00 N/A N/A 30.05 5.01 6.87 
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